This paper presents a closed loop Model Reference Adaptive system (MRAS) observer with artificial intelligent Nuero fuzzy controller (NFC) as the adaptation technique to mitigate the low speed estimation issues and to improvise the performance of the Sensorless Direct Torque Controlled (DTC) Induction Motor Drives (IMD). Rotor flux MRAS and reactive power MRAS with NFC is explored and detailed analysis is carried out for low speed estimation. Comparative analysis between rotor flux MRAS and reactive power MRAS with PI as well as NFC as adaptive controller is performed and results are presented in this paper. The comparative analysis among these four speed estimation methods shows that reactive power MRAS with NFC as adaptation mechanism shows reduced speed estimation error and actual speed error at steady state operating conditions when the drive is subjected to low speed operation. Simulation carried out using MATLAB-Simulink software to validate the performance of the drive especially at low speeds with rated and variable load conditions.
INTRODUCTION
Sensorless DTC induction motor drives plays a major role in high performance industrial applications due to its instantaneous torque and speed control resulting in fast torque and speed response [1] - [3] . In DTC drive, the optimal inverter switching voltage vectors [4] selects the selection of required torque and flux. The switching state of the inverter is determined by space vector modulation (SVM).The torque and flux ripples are reduced in SVM DTC compared to conventional DTC [5] , [21] . Sensorless drives have the advantages of reduced hardware complexity, cost, robustness and reliability of the drive etc. However, the sensorless techniques depend on machine parameter, which varies with temperature, saturation levels, integrator drift and dc offset. Hence conventional speed estimators are not giving accurate speed estimation in the low speed ranges due to which the steady state and transient performance of the drive deteriorates [6] . MRAS is a stable, good performance, simple closed loop observer for speed estimation in Induction Motor Drive (IMD). MRAS consists of reference model, an adaptive model and an adaptation mechanism. The adaptation mechanism reduces the error between these two models and outputs the estimated value of rotor speed which is equal to the actual rotor speed [4] . MRAS is broadly classified as a) rotor flux MRAS b) back emf MRAS c) reactive power MRAS based on the formulation of speed tuning signal. Of these three methods, rotor flux MRAS is simple and most commonly used MRAS scheme and reactive power MRAS is independent of stator resistance and integrator issues which are the major concern in low speed estimation [4] , [20] , [7] - [8] . In this paper a detailed investigation is carried out for low speed estimation of DTC IMD using rotor flux MRAS and reactive power MRAS with PI controller as adaptation technique and also PI controller is replaced by Neuro Fuzzy controller as the adaptation technique. A detailed comparison of performance of these four methods are carried out and results shows that the reactive power MRAS with NFC gives good results for low speed estimation issues. Simulation is performed in MATLAB-Simulink platform to validate the results.
SPEED SENSORLESS DTC-SVM
DTC-SVM controls the flux and electromagnetic torque directly by the selection of exact stator voltage vector. The selection of correct stator voltage vector is based on the output signals from torque and flux PI controller to meet the desired torque and flux requirements of the drive. In DTC-SVM the torque ripples are reduced and switching frequency is maintained constant compared to conventional hysteresis band DTC controllers [9] . Many techniques are available for speed estimation in sensorless drives.
MRAS is used here to estimate speed and the output of the MRAS which is the estimated rotor speed is compared with the reference value of the rotor speed and the error is fed to speed controller to generate the torque reference and flux reference. The generated torque reference and flux reference are compared with the estimated values of torque and flux by the torque and flux estimator. The torque error and flux error obtained are tuned by the corresponding PI controllers to generate the reference voltage vector required for the SVM to select the required stator voltage vector to exactly compensate the flux and torque error. SVM reduces the torque ripple and switching frequency is maintained constant [17] , [18] .
MODEL REFERENCE ADAPTIVE SYSTEM (MRAS)
Speed estimation based on MRAS is one of the best techniques due to its simplicity, good performance and stability [6] . In MRAS the reference model estimator is based on stator voltage model which does not contain the rotor speed parameter and adjustable model is based on current model which contains the rotor speed. The basic concept of MRAS is that the reference model and adaptive model independently estimates the required machine parameter using measured stator voltages and currents in the corresponding reference frame, in this work stationary reference frame is considered. The parameter estimated by the reference model and adaptive models are compared and the difference between them is the speed-tuning signal, which is tuned using an adaptation technique, and adjusts the adaptive model to reduce the error between them to zero. When the error between reference and adaptive model reduced to zero, the estimated speed is equal to the actual rotor speed of the drive. The adaptation mechanism should satisfy the Popov's criterion of hyper stability. Based on the speed-tuning signal MRAS can be classified in to three types, Rotor flux MRAS, Back emf MRAS and Reactive power MRAS and the mathematical equations for reference model and adaptive models are givenin [17] .
In most of the industrial drives, PI controllers are used as adaptation technique because of its simple structure and satisfactory performance for speed estimation. Due to machine parameter variation and different operating condition, the performance of the drive may not give expected results with PI adaptive controller [10] , [11] . Artificial intelligence based controllers are found more effective for speed estimation because it offers reduced tuning efforts and insensitive to parameter variation. In this paper detailed analysis of rotor flux and reactive power MRAS with Neuro Fuzzy controller as adaptation method is carried out and analyzed the performance with PI controller as adaptive mechanism. The results show that reactive power MRAS with Neuro Fuzzy controller (NFC) gives more accurate speed estimation results. Comparative analysis is carried out to validate the effectiveness of NFC as adaptive controller for low speed estimation of DTC induction motor drive.
Neuro fuzzy is a powerful artificial intelligent control method available for control systems. NFC is the combination of a fuzzy-logic controller with the structure of a neural network and it offers the advantages of both fuzzy logic and neural networks [12] , [13] . Fuzzy controllers lack the formal learning procedure and ANN lack a clear correlation with the physical problem [14] , [15] . NFC combines the learning power of neural network with the capability of fuzzy logic to use expert human knowledge [6] . Tedious manual tuning is required to achieve the structure of fuzzy controller. In NFC, fuzzy system is trained by the neural network learning algorithm having expert human knowledge and learning ability. The hybrid learning algorithm of unsupervised and supervised methods is used to reduce the training time [16] , [17] , [19] , [20] . The unsupervised learning generates the number of fuzzy sets, fuzzy rules, rules themselves and the centers and widths of the membership sets. This information is used to make neuro fuzzy controller initially and it gets trained by supervised gradient decent back propagation algorithm to tune the centers and widths of the membership functions. The two main architectures which can be used for NFC are Mamdani-method and Takagi-Sugeno method. Takagi-Sugeno uses weighted average to compute the crisp output but Mamdani uses the method of defuzzification of a fuzzy output and it has output membership functions and hence the defuzzification process is time consuming and complex. Mamdani method is most commonly used for decision support applications and Takagi-Sugeno is suitable for dynamic non linear control applications. Hence in this work Takagi-Sugeno type neuro fuzzy controller is used.
Structure of Neuro Fuzzy Controller (NFC)
Takagi-Sugeno type neuro fuzzy controller consists of five layers and the structure of NFC is shown in Figure 1 . Functions of each layer are given below. a. Layer 1: Input layer
The first layer is the input layer and it has two inputs. The speed tuning signal which is the error between reference model and adaptive model is one of the inputs and change in error is the second input. No computation is carried out in this layer, it passes the input values to next layer and the link weight in layer 1 is unity. Let error at any instant is denoted as ε r (k) and change in error as ∆ε r (k)=ε r (k)-ε r (k-1). Here five membership functions are defined for each input to optimize the computational burden and to achieve best drive performance. When the number of membership function increases, the number of rules will also increases. This will cause high computational burden for NFC. The expression for finding the input membership value for triangular membership function is given here.
Where i = j =1, 2.....5 represents the input to the fuzzification layer, 'a', 'b' and 'c' represents the left, centre and right limit of a triangular membership function. Layer 2 calculates the output link membership value, showing the degree to which an input value belongs to a fuzzy set. After fuzzification crisp value of inputs are transformed into corresponding fuzzy values. The link weights between the second and third layers are all unity and constant. c. Layer 3: Fuzzy AND operation
The layer 3 defines the preconditions of the rule nodes, each node in this layer multiply the incoming signal and outputs to the next layer. The expression for node equation is given by equation 2.
Since there are two inputs to NFC and each having five membership function, twenty five nodes are there in this layer to get all the possibilities of rules. The link weights between the third and fourth layer is also unity. The firing strength of the corresponding fuzzy rule is available at the output of each node in this layer. d. Layer 4: Normalization layer Each node in this layer calculates the normalized firing strength of each rule, i.e. average firing activity of its corresponding rule. The number of nodes in this layer is same as the number of rules. The node expression for this layer is given as follows 
Each output of this layer is multiplied by the interconnection weights between layer 4 and 5. e. Layer 5: Defuzzification layer This layer is the output layer which gives the summation of all incoming signals and the expression for finding the output is:
The estimated rotor speed of the drive is obtained by integrating the defuzzified output of the 5 th layer.
Learning Algorithm for NFC
The input membership functions are tuned by trial and error method. Supervised gradient descent algorithm is used to update the weights between layer 4 and layer 5 (W1, W2….W25) to minimize the error between reference and adaptive model. In this method squared error is considered proportional to the negative gradient of error with respect to weight and this algorithm is used for the weight updation. Hence it goes gradually towards optimum solution to minimize the error. The error to be minimized is given in equation 5.
Where is the error between reference and adaptive model. The weight adaptation is obtained by equation 6.
where γ is the learning rate 
The estimated speed using this equation is not providing accurate performance due to slow convergence. To solve this issue the change in error i.e. derivative of error is also included with the error. The learning rate γ is separated in to two learning terms, & for error and change in error respectively. There for the updated weight tuning is given by equation 23.
( + 1) = ( ) + ( ( ) + ∆ ( )) (4) 
The dynamic performance of the IM drive depends on the values of & and these values can be analyzed by a discrete Lyapunov function.
SIMULATION RESULTS AND ANALYSIS
A 20hp sensorless DTC controlled induction motor drives with speed estimator as MRAS observer with rotor flux and reactive power schemes are simulated in MATLAB-Simulink software. The motor parameters are given in Table I . A detailed simulation analysis is performed to validate the effectiveness of reactive power MRAS with PI as adaptive controller for low speed estimation to enhance the drive performance for a wide range of speed including zero speed. To reduce the burden of PI tuning and to enhance the drive performance at low speed region adaptive PI controller in MRAS is replaced by artificial intelligent Neuro fuzzy controller. An exhaustive analysis is carried out with MRAS observer with rotor flux and reactive power schemes with PI and NFC as adaptive controllers and simulation results are compared and shown in this paper. 
Performance of the IMD Using Rotor Flux MRAS with NFC as Adaptive Controller and Comparison with PI as Adaptive Controller
Simulation is carried out to validate the performance of the drive for a wide range of speed from rated to very low speed including zero speed under rated torque and varying torque conditions. The results are promising and it shows that the estimation of speed and torque are tracking with reference and actual values of the drive. The plots of speed and torque subjected to rated torque of 98 Nm with positive speed and Simulation results of rotor flux MRAS with NFC as adaptation mechanism shows that the estimated speed is converging with actual speed and reference speed for all ranges of speeds from rated value to very low speed including zero speed. To validate the speed estimation effectiveness at varying torque conditions, the drive is subjected to 3/4th, 1/2ndand 1/4th of rated torque. The speed and torque performance of the drive is analyzed for various speeds under the above torque conditions and Figure 4 shows the estimated, actual and reference speed and torque curves for 3 rpm at the torque condition given in Table 2 . Different steady state performance parameter like percentage error in estimated value, actual value in speed and maximum ripples in speed as well as electromagnetic torque and estimated torque ripples analyzed for rated speed to 1rpm as given in Table 3 . The percentage speed estimation error is less than 7% for speeds from 2rpm to rated speed and it is 19.8% for 1rpm. The actual speed error is less than 26% for speeds from 2rpm to rated speed and it is 52% for 1rpm. The stator flux trajectory is drawn for 3rpm by plotting the direct and quadrature stator flux components are shown in Figure 5 . The drive using rotor flux MRAS with PI as adaptive controller analysis are given in [17] . The comparative analysis of rotor flux MRAS with PI as adaptive controller as well as NFC as adaptive controller are given in Figure 6 . 
Performance of the IMD Using Reactive Power MRAS with NFC as Adaptive Controller and Comparison with PI as Adaptive Controller
Simulation is carried out to analyze the performance of the drive using reactive power MRAS with NFC as adaptive controller for speed ranges from zero to rated speed under rated and varying torque conditions. The results show that estimated and actual values of speed and torque are tracking with reference values of speed and torque. Figure 7 . shows the plots of drive subjected to positive speed of 1 rpm and positive rated torque of 98 Nm for 0 to 1s and negative speed of -1 rpm and negative rated torque from 1 to 2s. Simulation results of reactive power MRAS with NFC as adaptation mechanism for various speeds gives that the estimated and actual speeds are converging with reference speed from very low speed including zero speed to rated speed. To validate the effectiveness of speed estimation at varying torque condition, the drive is subjected to 3/4th, 1/2ndand 1/4th of rated torque. The performance of the speed and torque are analyzed for various speeds under the above mentioned torque conditions. Figure 8 shows the reference, actual and estimated speed and torque curves for 3 rpm at the torque condition given in Table 2 . The percentage speed estimation error is less than 3% for speeds from 2rpm to rated speed and it is 10.5% for 1rpm. The actual speed error is less than 20% for speeds from 2rpm to rated speed and it is 42% for 1rpm. The stator flux trajectory is drawn for 3rpm by plotting the direct and quadrature stator flux components are shown in Figure 9 . The drive using reactive power MRAS with PI as adaptive controller analysis are given in [17] . The comparative analysis of reactive power MRAS with PI as adaptive controller as well as NFC as adaptive controller are given below in Figure 10 . 
Performance Analysis Comparison of IMD Using Rotor Flux MRAS and Reactive Power MRAS with PI as Adaptive Controller and NFC as Adaptive Controller
A detailed comparative analysis of all the four techniques used for low speed estimation in sensorless DTC IMD is carried out and the comparative analysis of percentage of speed estimation error and actual speed error in shown in Figure 11 
CONCLUSION
In this paper reactive power MRAS is used as speed estimator to improve the performance of speed estimation especially at low ranges of speed which is a research challenge in sensorless direct torque controlled induction motor drives. Simulation of a 20hp DTC IMD with rotor flux MRAS and reactive power MRAS for speed estimation with PI controller as its adaptation technique is done to validate the drive performance at low speeds. To reduce the tedious PI tuning effort and to improve the performance of speed estimation at low speeds including zero speed artificial intelligent based Neuro fuzzy controllers is used as the adaptation technique. Extensive analysis is performed by simulation at varying torque conditions with speed and torque reversals to validate the performance of the drive in steady state and transient conditions in the low speed ranges with PI as well as NFC as adaptive controllers. Various performance parameters like percentage error in estimated and actual values in speed and torque, ripples in estimated and actual values in speed and torque from rated speed to low ranges is carried out. The results show the effectiveness of reactive power MRAS estimator in low speed region and the performance improvement of the drive with NFC as adaptive controller. Comparison of all the above performance parameters of the drive with PI as well as NFC as adaptive controller for MRAS proves the effectiveness of MRAS with NFC adaptive controller as speed estimator for the low speed estimation issues in sensorless DTC IM drives.
